Soil thermal diffusivity κ is an essential parameter for studying surface and subsurface heat transfer and temperature changes. It is well understood that κ mainly varies with soil texture, water content θ, and bulk density ρ b , but few models are available to accurately quantify the relationship. In this study, an empirical model is developed for estimating κ from soil particle size distribution, ρ b , and degree of water saturation S r . The model parameters are determined by fitting the proposed equations to heat-pulse κdata for eight soils covering wide ranges of texture, ρ b , and S r . Independent evaluations with published κdata show that the new model describes the κ(S r ) relationship accurately, with root-mean-square errors less than 0.75 × 10 −7 m 2 s −1 . The proposed κ(S r ) model also describes the responses of κ to ρ b changes accurately in both laboratory and field conditions. The new model is also used successfully for predicting near-surface soil temperature dynamics using the harmonic method. The results suggest that this model provides useful estimates of κ from S r , ρ b , and soil texture. 
with sand fractions (fsa) less than 0.40. On coarse-textured soils, however, the lognormal 108 function produced large errors. Thus, there is a need for a model that estimates  with 109 readily-available physical parameters for applications on various soil types over a range 110 of field conditions. 111
The objective of this study is to develop an empirical model that is able to describe  112 as a function of soil texture, b and degree of saturation (Sr). The performance of the 113 model is evaluated by comparing estimated  values with independent  measurements 114 using the HP method under both laboratory and field conditions. The new  model is 115 applied in the conduction heat transfer equation to estimate subsurface soil temperature 116 from harmonic surface temperature. The estimated subsurface temperatures are compared 117 to measured soil temperatures. 118
Datasets for model development and validation 119
In this study, the (Sr) data were obtained under laboratory (Soils 1-15) and field 120 conditions (Soil 16) covering a wide range of soil texture, b, and . Table 1 lists the  121 particle size distribution (PSD), SOM content and b range for the soil samples and the 122 data sources. Soil PSD was determined using the pipette method (Gee and Or 2002), and 123 SOM content was determined using the Walkley-Black titration method (Nelson and 124 Sommers 1996). Soils 1-8, with fsa ranging from 19% to 94%, were used to develop the  125 model. Soils 9-16, with fsa varying from 12% to 93%, were used to validate the model. 126
 measurements on repacked soil samples

127
For Soils 1-8, samples were air-dried, ground and sieved through a 2-mm screen, 128 moistened to the desired water contents, repacked into columns with a volume of 100 cm controlled with a data logger (CR23X, Campbell Scientific, Logan, UT). A 15-s HP was 138 supplied to the heater probe by using a direct current power supply. The datalogger 139 recorded the power input and temperature change of the sensor probe at a 1-s interval. 140
The temperature-by-time data were processed to calculate  using the nonlinear 141 regression algorithm of Welch et al. (1996) . The final  was the mean value of three 142 repeated measurements. Gravimetric  and b of each soil core were determined after 143 making the HP measurements. Before making the HP measurements, the needle-to-needle 144 spacing of the three-needle HP sensor was calibrated in agar-stabilized water (5 g L -1 ), 145
assuming that the C of the solution was equal to that of water (4.18 MJ m -3 K -1 ). 146
Thermal properties for Soils 9, 14, and 15 were reported in Liu et al. China. Three contrasting tillage systems were included in the study: Conventional 155 moldboard plow tillage (CT), rotary tillage (RT), and no tillage (NT). For CT and RT, all 156 crop residue was chopped into small pieces (5-to 10-cm long) and then incorporated into 157 the soil after corn harvest. The tillage depth for the CT and RT was about 18 cm and 12 158 cm, respectively. More than 95% of the surface residue was mixed into the soil. For NT, 159 standing corn stubble was left on the ground surface, and the soil was not disturbed 160 before planting. The amount of returned crop residue was 9.2, 9.2 and 8.5 Mg ha -1 yr -1 for 161 CT, RT and NT, respectively. After winter wheat harvest in June 2007, in situ HP 162 measurements were made in each tillage plot at three random locations. Four repeated  163 measurements were performed at each location. Before installing the HP sensors, a small 164 trench (20-cm long, 20-cm wide and 20-cm deep) was dug, and two three-needle HP 165 sensors were pushed horizontally into the soil at depths of 5 cm and 15 cm. The HP data 166 were collected with a datalogger (CR23X, Campbell Scientific, Logan, UT). Undisturbed 167 soil columns were collected nearby with ring samplers (5-cm diameter and 5-cm high) at 168 soil depths of 5 and 15 cm to determine b and  by oven-drying the samples at 105°C for 169 24 h. 170
Near-surface temperature measurement and prediction 171
To test the model performance, we measured soil temperature on a bare sandy loam 172 soil (79.8% sand and 12.3% clay) at the research farm of China Agricultural University, 173
Beijing, China. Three-wire thermocouples (type E, 50 µm in diameter), which were 174 embedded in stainless-steel needles (4 cm long, and 1.3 mm in diameter), were installed 175 at 14-, 26-, and 66-mm depths, and soil temperatures were recorded at an 1-h interval 176 with a datalogger (CR23X, Campbell Scientific, Logan, UT) during a rain-free period 177 
In our study, Eq. for Soils 1-8. Except for Soil 2, the Sr on the repacked soil samples ranged from about 0 230 to 1 (Table 2 ). In general, the measured (Sr) data and fitted curves displayed several 231 distinct features across soils. First,  changed dynamically as dry soil wetted. In general, 232  increased rapidly until Sr reached about 0.2. With further increases in Sr, however, the 233 rate of  change was reduced. After reaching a peak value (m) at a certain Sr,  either 234 declined steadily (e.g., Soils 1-5) or leveled off (e.g., Soils 6-8) as Sr increased. Secondly, 235 the magnitude and shape of the (Sr) curves were strongly related to soil texture, i.e., with 236
increasing Sr, m was larger and occurred at lower Sr for coarse-textured soils, but was 237 relatively lower and occurred at larger Sr for fine-textured soils. These phenomena can be 238 The effects of parameter a on the (Sr) curve were pronounced in the relatively dry 269 region (Sr < 0.3), while parameters b and c generally influenced the (Sr) curve across the 270 entire Sr range (Fig. 2) . A higher a value produced a lower rate of (Sr) increase in the 271 relatively low Sr region (Fig. 2-1) . With an increase of parameter c, the  value at a 272 specific Sr also decreased, especially in the intermediate Sr region (Fig. 2-3 ). An opposite 273 trend was observed for parameter b, i.e., higher b values led to greater  values, and the 274 change of  was especially significant in the high Sr region (Fig. 2-2 ). In general, the (Sr) distribution. It appears that parameter a, which has significant effects on the (Sr) curves 286 in the low Sr region, is closely related to the soil clay fraction (fcl). Parameters b and c 287 relate mainly to fsa and b, the key factors that determine soil porosity and pore size 288 distribution, and thus the capillary bridges. 289
To quantify the dependence of parameters a, b and c on soil physical properties, we 290 further examined the relations among parameters a, b and c and PSD and b (Fig. 3) . The 291 results showed that parameter a increased linearly with fcl, and the rate of increase was 292 larger in the fcl range of 00.12 than that in the range of fcl > 0.12 ( Fig. 3-1 
[7] 303
Parameter b was related to b and fsa as they both affected the magnitude of the (Sr) 304 curve. The following relationship was established by applying a multiple regression 305 algorithm that was included in the Data Analysis of Microsoft EXCEL (version 14 for 306 Windows) to the b, b and fsa values listed in Table 2 , 307
Model validation 311
We evaluated the performance of the new  model (Eqs. estimated Sr values showed the following characteristics: (1) a soil with a larger fsa (i.e., 326
Soil 10) had a higher m at a specific Sr, and a sharper  increase in the low Sr region (Fig.  327   4a) , while a fine-textured soil (i.e., Soil 11) exhibited more gradual change in this region 328 (Fig. 4b) ; (2) for a particular soil, a greater b produced a larger  at a specific Sr. on Soils 10 and 11, respectively (Table 3) . 332
The  model was also tested on one coarse-textured soil and four fine-textured soils 333 The repacked soil columns covered a range of b conditions (Table 1 ). The  estimates 335 agreed closely with the measured values, as indicated by the random distribution of data 336 points along the 1:1 line (Fig. 5) , and the low RMSE (within 0.64 × 10 -7 m 2 s -1 ) and bias 337 (from -0.39 to 0.45 × 10 -7 m 2 s -1 ) (Table 3) . Thus, the new model provided accurate  338 estimates on both coarse-textured and fine-textured soils over wide ranges of Sr and b. 339
Model evaluation using in situ  measurements in tillage plots
340
Tillage practices alter soil thermal properties, heat transfer in soils and near surface 341 microclimate mainly by changing soil b and . For the tillage study on Soil 16,  varied 342 from 0.22 to 0.33 cm 3 cm -3 and the range of b was 1.06 to 1.58 g cm -3 . In general, the 343 19 NT plot had larger  and b values (Figs. 6a and 6b ) in the 0-to 10-cm and 10-to 20-cm 344 soil layers, while the differences between CT and RT plots were not significant. As a 345 result, the measured and estimated  values for the NT plot were larger than those for the 346 CT and RT plots (Fig. 6c) . 347
Comparisons between measured and estimated  showed that most of the data 348 distributed randomly along the 1:1 line, and about 80% of the data were within the 10% 349 error lines (Fig. 6d) (Fig. 6c) , and the  estimates were consistent with the HP measured 352 values (Fig. 6d) . For the CT treatment,  was underestimated slightly (Fig. 6d) significantly but had negligible effects on heat flux and temperature simulations. In this 361 study, the soil samples had SOM contents less than 3% (Table 1) . Further study is 362 required to investigate the effects of SOM on  for soils with high SOM contents (e.g., 363 peats). 364
Prediction of near-surface soil temperature 365
In this section, we compare temperature measurements against values estimated with 366 the harmonic method (Eqs. (Fig. 7a) , i.e., greater  and b 380 values were observed at 60-mm than those at 20-mm, leading to a  difference about 2.0 381 × 10 -7 m 2 s -1 between the two depths. Under all climatic conditions (cloudy, partially 382 cloudy and clear days, as indicated by the changes in net radiation), harmonic functions 383 successfully described diurnal soil temperature variations at the 14-mm depth (Fig. 7b) . 384
The estimated soil temperatures at the 26-and 66-mm depths agreed well with the 385 observed values (Fig. 7c) 
Potential limitations of the new model 394
We demonstrated that the proposed (Sr) model was capable of producing acceptable 395  data across the entire Sr range for soils with different textures and b. The deviation of 396 the modeled  data from the measured values might come from several error sources. 397
First, we obtained parameters a, b, and c using PSD rather than soil mineralogical 398 information. Some studies have shown that using PSD instead of soil mineral 399 composition produces biased  estimations for soils with high fractions of quartz 400 (Bristow 1998 Eq.
[5] to the measured (Sr) using a nonlinear curve fitting method (Wolfram, 2003) . 607
The fitted equations are presented in the figure. 
